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The proliferation of trade agreements has offered a viable framework for the

economic and trade integration of many nations. Additionally, the growth and

expansion of global value chains has increased prospects for knowledge and

technological spillovers as well as the potential for production method

convergence. This might have possible effects on the environment in both

developed and developing nations. The objective of this study is to determine

whether participation in global value chains (GVCs) can serve as a foundation for

the convergence of carbon emission across nations. Spatial panel data

econometrics is used to examine data from 22 emerging economies

between 1995 and 2019 in order to provide an answer. The findings support

the global value chains-based conditional carbon convergence of the countries

and show a spatial link between global value chains participation and CO2

growth. Furthermore, results show that increasing global value chains

participation with other variables; both directly and indirectly, via spillover

effects, encourages closing the CO2 emission gap across nations. The

findings show that global value chains may be able to increase how

successful carbon efficiency initiatives are. Therefore, when developing

environmental legislation, many aspects of global value chains participation

and their advantages should be considered.
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1 Introduction

Over the past 3 decades, the effects of trade on the

environment and greenhouse gas emissions have been among

the contentious issues in the economic literature. Further the

global climate change is significantly impacted by industrial

upgrading and international production cooperation. It is still

challenging to evaluate whether trade is beneficial for the

environment or not (Frankel and Rose, 2005). Trade

agreements and integrations have increased the likelihood of

the eventual convergence of environmental indicators of

different countries, aside from how trade affects the

environment (Baghdadi et al., 2013; Apergis and Payne, 2020;

Shahzad et al., 2022). The advent of global value chains (GVCs)

participation and the globalization of production, among other

significant changes in trade and globalization processes, have

increased chances for trade integration and the expansion of

knowledge and technology transfers across nations.

The structure and organization of international trade have

been fundamentally altered by the recent rise in the number of

trade agreements and the emergence of GVCs participation,

which account for more than half of all trade globally. This

has sparked the growth of global production networks and

massive bilateral trade, especially for intermediate goods.

Additionally, this new wave of globalization has altered the

relationships between developed and emerging nations while

redefining the frontiers of knowledge, production structure, and

comparative advantages among various nations (Baldwin, 2017).

GVCs have facilitated the transfer of technological innovations,

skills, and knowledge from developed countries to developing

countries, allowing developing countries to enter international

markets and reap potential benefits without having to develop

ancillary industries and revert to the local production of all

necessary inputs (Rodrik, 2018; Jangam and Rath, 2020).

The objective of this study is to determine if GVCs may serve

as a foundation for national carbon convergence and how

growing GVC membership impacts carbon convergence

development. The answers to these queries can help to

partially fill the literature gap that how this new kind of trade

can close the carbon emission gap between nations and how

increasing GVC participation can be a tactic to slow down

environmental deterioration. The solutions might even show

that this novel kind of trade is both harmful and

advantageous to the environment. Thomakos and Alexopoulos

(2016) accept that carbon emission is the Environmental

Performance Index’s greatest explanatory variable. These are,

in other words, two sides of the same coin. As a result, carbon

emission changes can accurately gauge a nation’s environmental

performance. If we can determine how GVCs participation

influence countries’ carbon emission changes, we can then

generalize it to environmental performance, take advantage of

GVC capabilities to create environmental protection policies and

regulations, and come to multilateral climate change mitigation

agreements. Expanding GVCs participation may thereby

increase prospects for the participating nations’ environmental

performance to converge. However, in order to validate or

disprove such assumptions, empirical studies are necessary,

which is why this study was conducted.

This article is unique in its novelty to identify and assess the

impact of GVCs participation with other variables in CO2

convergence among EMCs and its selection of the countries is

based on the Morgan Stanley Capital International Emerging

Market Index criteria (the MSCI Index). The interdependence of

trade in intermediate goods and foreign direct investment (FDI)

has increased as a result of GVCs participation, and the MSCI

index asserts that its designation of countries as emerging

markets is due to the long-captivated imagination of investors

that continued to reshape the global investment and trade

landscape to embrace these countries over the past 20 years.

(see Appendix 1)

The remainder of this essay is structured as follows: The

history of the research and theoretical underpinnings are

reviewed in Sections 2 and 3. In Section 4, the data analysis

approach is introduced, and Section 5 presents the findings.

Section 6 then discusses the findings and presents the

conclusions.

2 Literature review

To the best of our knowledge, no research has been done on

how GVCs participation can help countries with their

environmental performance. However, some research has

focused on how trade and foreign direct investment (FDI)

affect how energy intensity and carbon emissions are

converged. The global value chain (GVC) not only bridges

trade gaps among partner nations but also produces

multifaceted reciprocal benefits through technological spillover

and industrial technology consolidation. The GVC participation

produces credible environmental outcomes, and two perspectives

exist among researchers on the relationship between the GVC

and the environment (Wu et al., 2020). One of the perspectives

looked at the “pollution heaven” hypothesis and the possible

damage to the environment in developing countries because of

trade with developed countries. According to the second

perspective, GVC participation positively affects the

environment through technology development and transfer, as

well as has positive spillover effects on the economy.

As GVCs participation proliferate around the world,

developing economies have been able to adopt technical

innovations, skills, and knowledge from developed countries

(Jangam and Rath, 2020), without the need to establish

auxiliary industries, restore production of all necessary inputs,

or develop the national value chain (Rodrik, 2018). In this way,

developing countries are able to achieve static and dynamic

efficiency, which can increase their value addition and per
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capita income (Kummritz, 2016). The increase in per capita

income and the adoption of new technologies as a result of GVC

participation encourage economies to reduce environmental

threats. Participation in GVCs promotes long-term

environmentally friendly economic growth by increasing the

per capita real gross domestic product (GDP). However, as

more countries participate in GVCs, CO2 emissions rise, but

they fall as per capita GDP rises (Wang et al., 2022). Moreover,

modern environmental-friendly technologies’ adoption and

prevention of environmental deterioration are also associated

with GVC participation (Jiang and Liu, 2015; Song and Wang,

2017), so the countries participating in GVC can combat climate

change through increasing their carbon efficiency and bridging

the carbon intensity gap among countries (Kazem et al., 2021).

Therefore, in favor of GVC, it might not be awkward to say that

the GVC can help countries protect the environment through the

development and spillover of environmentally friendly

technologies (Lovely and Popp, 2011; Nemati et al., 2019).

GVC promotes the diffusion of technology, the sharing of

technical information, and reduces carbon emissions (Javorcik,

2002; De Marchi et al., 2018). Landsperger and Spieth (2011)

describe how the embedment in GVC augments the low-carbon

innovation competences of global corporations. This low-carbon

innovation competency tends to increase long-term competitive

advantages as well as low-carbon technology adoption (Uyarra

et al., 2016; Sears, 2017; Shahzad et al., 2022). Zhang et al. (2020)

reported that a 1% rise in the degree of China’s participation in

GVC reduced carbon intensity by 11.7%. Similarly, Liu and Zhao

(2021) described the negative relationship of GVC participation

with carbon emission intensity based on the analysis of

42 countries. Countries that are part of the GVC must meet

international standards for good quality products and

environmental certification. This has led them to cut back on

their carbon emissions in order to stay in the GVC (Wu et al.,

2020).

On the other hand, some scholars have argued that

participation in GVC contributes to environmental

degradation (Liu et al., 2018), while the expanding

participation in GVC enhances the use of energy and CO2

emissions. They are concerned that the great differences in

technology and industrial structure of the countries or regions

also contributed to the major difference in GVC participation as

well as the impact on carbon intensity (Wang et al., 2021a; Zhang

et al., 2021). For example, developing countries have the

advantages of capital and technology over developing

countries, thereby occupying the upstream of the GVC of

various industries. Therefore, these countries and regions are

responsible for the links of high value addition, such as product

development, product design in GVC, and low carbon intensity

(Wang et al., 2020; Jin et al., 2022). On the other hand, the

developing countries stay at GVC’s downstream end, which

prevents them from getting potential benefits from GVC due

to their labor and energy-intensive processing and assembling

parts (Sun et al., 2019). Similarly, the developing countries at the

tail and in the middle of GVC have to make hard efforts to

expand their production of GVC while simultaneously

addressing the resultant environmental degradation. They also

have to focus on the core environmental interests of energy

preservation, sustainable growth, and extreme cuts in CO2

(Shahzad et al., 2021). Therefore, GVC results in the

transmission of hazardous particles and polluting agents from

developed economies to underdeveloped economies. The

extensive differences in GVC participation and carbon

intensity between developed and developing countries

generate environmental threats in developing countries, such

as a rise in CO2 intensity. The GVC’s participation degree of

developed countries significantly reduces carbon intensity, while

that of developing countries actually increases their carbon

intensity. In addition, industries in developing countries with

low CO2 intensity see a big rise in CO2 intensity (Jin et al., 2022).

Elhedji and Merrick (2012) and Bonilla et al. (2015) found that

country participation in GVC is linked to the long distances

between the nodes in GVC distribution networks. This long

distance increases the chance that logistics and transportation

will emit grater amount of CO2. Poulsen et al. (2018) say that the

logistics and transportation used to move different GVCs from

one country to another country or one region to another region is

one of the main sources of air pollution. This is why it is

important for GVCs to have environmentally friendly logistics

and transportation.

3 Theoretical background

In the economic literature, there are various points of view on

how trade and the environment are related. Some address the

pollution haven hypothesis (PHH) and the possible deterioration

of the environment in developing nations through trade with

industrialized countries, while others argue the beneficial

environmental implications of trade through technological

development and transfer and spillover effects. However, some

contend that trade harms the environment because it expands

economic activities that are already environmentally destructive

and motivates polluting nations to engage in more extensive

high-polluting activities (Copeland and Taylor, 2013; Weber

et al., 2021). The creation and spread of environmentally

benign technologies can therefore assist safeguard the

environment (Lovely and Popp, 2011; Nemati et al., 2019),

but commerce can also contribute to environmental

degradation, as stated by the pollution haven hypothesis and

the factor endowment theory (Antweiler et al., 2001; Shen, 2008;

Cherniwchan et al., 2017).

International trade has long been practiced by nations (e.g.,

developing countries import parts and technology to produce

and supply goods to the domestic market). In contrast to more

traditional trade approaches, the new type of commerce has
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boosted the use of international production networks by the

countries, strengthened knowledge information transfers

(Taglioni et al., 2016), and facilitated more knowledge

spillovers. Because the outsourcer delivers the required

knowledge and technology to the input producer firm to

ensure the inputs are produced efficiently and in accordance

with its production standards, information can move more

readily throughout the supply chain (Piermartini and

Rubnová, 2014).

GVCs can improve both static efficiency (i.e., altering

current processes and capacities) and dynamic efficiency by

reallocating scarce resources to the most lucrative activities

(i.e., creating new processes and capacities). The growth of

GVCs is anticipated to increase per capita income, investment,

productivity, and green domestic value-added output, as

demonstrated by Kummritz (2016) and Hu et al. (2022).

Participation in global supply networks and production

networks can also result in learning-by-doing advantages,

economies of scale, technological advancements and

spillovers, and even speed up the industrialization process

and the growth of the nation’s service sector (Bernhardt and

Pollak, 2016; Kummritz, 2016; Taglioni et al., 2016; Gunnella

et al., 2019; Raei et al., 2019; Pigato et al., 2020). Markusen

(1984) also makes the case that the expansion of multinational

corporations (a crucial component of GVCs) is connected to

the development in global technical efficiency because there is

evidence of technology spillovers as a result of their operations

(Keller, 2010).

Expanding membership in GVCs has benefits and

repercussions that go beyond economic expansion. For

instance, the development of GVCs and the exchange of

intermediate inputs can both enhance South-South trade

(Hanson, 2012). Additionally, growing GVCs may result in

changes to international trade policy as well as intensified

shock transmission, synchronized global business cycles, and

changes to specialization patterns (Wang et al., 2017). The

impact of GVCs on national environmental performance and

their part in environmental phenomena, however, have not

received much attention in the pertinent literature.

The integration of GVCs with technical advancement and

transfer will raise the countries’ income level, perhaps facilitating

the convergence of some of their economic indicators (Rodrik,

2018), if GVCs promote the convergence of production processes

as envisaged (Ignatenko et al., 2019). According to the evidence

now available, trade, trade integration, and regional cooperation

aid in the convergence of a country’s energy efficiency, energy

intensity, and environmental performance (Wang et al., 2015;

Han et al., 2018; Qi et al., 2019). To eliminate trade frictions and

enhance trade flows, trade integration necessitates adjustments to

the nations’ current standards and regulations (including

environmental standards and regulations) (Nicoletti et al.,

2003) (Holzinger et al. 2008) also demonstrated how

strengthening international ties will cause the environmental

policies of the participating nations to converge. The

development of low-CI production technologies, information

transfer, and sustainable management are all aided by the

growth of international firms (López et al., 2019).

On the other hand, the new kind of commerce may not only

assist nations in convergent growth by balancing the costs of

production factors, but also enhance national environmental

performance by boosting technology spillovers and

environmentally friendly knowledge. The spillover, diffusion,

and transfer of cleaner technology to nations with lower

energy and environmental efficiency, particularly developing

nations, will advance technical advancement and enhance

environmental performance (Gerlagh and Kuik, 2014; Huang

et al., 2020; Jaffe et al., 2002; LeSage and Fischer, 2008; Wan et al.,

2015). According to Jiang et al. (2019), countries with trading

partners who are technologically advanced release less carbon

because they are permitted to share the resources they create with

their main trading partners. Furthermore, the exchange of

information among businesses in GVCs might hasten the

development of eco-friendly technologies. The growth of

GVCs may potentially result in more economical and cost-

effective technologies for the production and use of clean,

efficient energy sources.

Following the theoretical framework discussed above, we can

claim that expanding GVCs may offer more possibilities for the

convergence of the environmental performances of the selected

countries. However, empirical testing will be necessary to support

or reject such hypotheses, and this study’s main goal is to

accomplish that objective.

4 Data and methodology

4.1 Spatial autocorrelation

In order to determine whether there is a GVC-based

association between nations’ rates of CO2 expansion, this

study looks at that first. It then looks into how increased

GVC participation affects the countries’ CO2 convergence.

Participation in GVCs may have spillover consequences that

are also discussed. Therefore, it is essential to use proper

statistical approaches that can predict spillover effects as well

as take into account the spatial dimensions of the statistical data.

The next subsections will go over the geographic statistics that

were employed in this study’s data analysis for the variables

described in Table 1.

MI �
1
WΣiΣi≠jWij(Ci − �C). (Cj − �C)

1
nΣi(Ci − �C)2 , (1)

where MI stands for Moran’s I, Ci for carbon emission growth,

and i and j for one through n. (i.e., the number of sample

countries). Additionally, Wij is a spatial weight matrix that
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displays how close i and j are to one another (this was determined

using GVCs in this study; and its definition is given in Section

4.3), and W is the sum of these matrices. Positive and negative

values of Moran’s MI denote positive and negative spatial

autocorrelation, respectively, much like positive and negative

values of Pearson’s correlation coefficient. The former assesses

the interaction between i and j based on their difference, not

based on standard deviation (Gangodagamage et al., 2008;

Kalkhan, 2011, chap. 3), which is one distinction between

Geary’s GC and Moran’s MI:

GC � (n − 1)ΣiΣjWij(Ci − Cj)2
2ΣiΣjWij(Ci − �C)2 . (2)

In this equation, GC stands for Geary’s GC, which has a value

between 0 and 2. Positive autocorrelation is associated with

values less than 1, whereas negative autocorrelation is

associated with values higher than 1. By assuming spatial

randomness under the normal distribution, one can

investigate the importance of Geary’s GC and Moran’s MI.

We created the inverse GVCs-based distance spatial matrix

for each nation before performing the spatial autocorrelation

assessment. Given that the study area contains major emerging

economies and that most of the nations are close to one another

and have a compact spatial distribution, the inverse GVCs-based

distance spatial matrix was deemed adequate for the calculation:

W �
⎧⎪⎪⎨⎪⎪⎩

1
dij

dij > d

0 dij < d

⎫⎪⎪⎬⎪⎪⎭. (3)

Based on the above discussed analysis of the GVCs-augmented

carbon convergence, dij is the distance between the spatial subjects

in country i and country j, and W is the inverse distance weight

matrix; yearly results are available for each country from the

author(s) and can be provided on special request.

4.2 Spatial panel data regression

The potential correlation of CO2 emission growth between

countries i and j as a result of their GVC-based relationship is

measured by spatial autocorrelation. To determine whether there

is a CO2 growth convergence and how growing GVCs impact this

convergence, spatial panel data regression is used. Additionally, it

points out potential GVC spillover effects. These models are

particularly crucial because, according to Anselin (2003a), certain

phenomena—such as neighborhood effects and the race to the

bottom—are examples of interactions between economic agents,

necessitating the employment of interactive and spatial models to

study them.

The Spatial Lag Model (SLM), the Spatial Error Model

(SEM), and the Spatial Durbin Model (SDM) are the three

types of regularly used spatial econometric panel data models

(LeSage and Pace, 2009). The SLM model presupposes that the

spatial mean weight of the dependent variables of a section’s

neighbors as well as external regressors have an impact on the

observed value of the dependent variable in that section.

Following is the way to present the regression:

(1) Spatial lag model (SAR)

yit � α∑N

J�1Wijyjt + βxit + μi + λi + εit. (4)

(2) Spatial error model

yit � βxit + utt + μi + λi

utt � α∑N
J�1
Wijujt + εit

(5)

(3) Spatial Durbin Model

yit � α∑N

J�1Wijyjt + βxit + γ∑N

J�1Wijxjt + μi + λi + εit. (6)

In this equation, yit is the dependent variable for section i

at time t, ∑N
J�1Wijyjt stands for endogenous interactive effects

of the dependent variables yit and yjt in neighbouring sections

(N sections), and α is the spatial autoregression coefficient,

which quantifies the magnitude of the simultaneous spatial

correlation between a section and its neighbors.

Additionally, xit is the matrix of independent explanatory

variables, β is the vector is a representation of the effects of

these independent variables, also known as the exogenous

regressor, and the μi represents the fixed effects, which are

the effects unique to each section. Additionally, it is expected

that the εit error component has an i. i.d, zero mean, and

constant variance. Additionally, Wij is the spatial weights

matrix, which may be determined using both geographical

and economic indicators.

The interactional effects between the error components are

also taken into consideration by SEM.When independent factors

that were not included in the regression have an impact on the

interacting effects of the sections, this model is more significant.

The following is a presentation of this model:

yit � xitβ + μit + λ∑N

J�1Wijδjt + εit. (7)

The spatial autocorrelation coefficient, which measures the
impact of neighboring sections’ residuals on each section’s
residual, is denoted by λ. In this case, δjt is a component of
the spatial autocorrelation error.

The SDM model combines the SEM and SLM models. The

vector of spatial autocorrelation coefficients of the explanatory

variables in this model is denoted by the symbol γ. The model

becomes a SAR if γ = 0 and α≠0; otherwise, it becomes a SEM if

γ = -βα. As a result, the SDMmodel, which also contains the SEM

and SLM models, is a testable broad specification (LeSage and

Pace, 2009).
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Due to spatial correlation in spatial regressions, the coefficients

of the explanatory variables do not adequately reflect the final

effects of the variables. Additionally, due of geographical links and

real-time feedback, the model includes both direct and indirect

(spillover) impacts. As a result, estimating the direct and indirect

impacts is required rather than interpreting point estimate

coefficients. According to SDM, we have:

∑ (Yt) � (In – αW)−1μ + (In – αW)−1(Xtβ +WXtγ). (8)

It has the spatial multiplier matrix (In – αQ)−1 . Where In
represents the unit n×n matrix. If

(In – αW)−1� In + αW + α2W2+α3W3 + ... (9)
With respect to the explanatory variables k in other sections, the

matrix of partial derivatives of the dependent variable (GVCs) in

various parts at any time t is equal to:

[zE(Y)
zx1k

. . .
zE(Y)
zxNk

] �

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

zE(yt)
zx1k

. . . . .
zE(y1)
zxNk

..

.
1 ..

.

zE(yN)
zx1k

. . . . .
zE(yN)
zxNk

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

� (In – αW)−1
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
βk W12γk . . . . W1nγk
W21γk βk . . . . W2nγk

..

. ..
.

1 ..
.

Wn1γk Wn2γk . . . . βk

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
(10)

It can also be expressed more succinctly as follows:

zE(Y)
zxk

� (In – αW)−1W (11)

As a result, the mean direct effects of a unit of change in the

explanatory variables xk on Y (GVCs) can be calculated by

averaging the diagonal elements of Matrix W, the mean total

effects can be calculated by averaging the sum of the rows or

columns of Matrix W, and the mean indirect effects (spillover

effects) are equal to the difference between the direct effects and

the total effects. In writing, we have:

Total effect:

1
n
∑n

ij

zE(yi)
zxkj

� 1
n
Iˈn [(In – αW)−1W ]In (12)

Direct effect:

1
n
∑n

i

zE(yi)
zxi

� 1
n
trace[(In – αW)−1Inβ ] (13)

Indirect effect:

(1
n
Iˈn [(In – αW)−1W ]In) 1

n
trace[(In – αW)−1Inβ ] (14)

As a result, by calculating the subsequent SDM, the following

effects of GVC involvement and their contribution to carbon

convergence can be assessed:

ln
CO2it

CO2it −1
� βlnCO2it −1 + α∑N

j�1Wij ln
CO2jt

CO2jt −1
+ θlnGVCit−1

+ πlnxit−1 +∑N

j�1WijlnGVCit−1δ + μi + εit

(15)
In which, respectively, CO2 emission, GVC, and x stand for

carbon intensity, GVC participation, and a vector of other

variables describing CO2, such as real per capita income (Y),

technological innovations and energy consumption (EC) [other

components are the same as Eq. 3]. In order to interpret the

regression findings, the direct, indirect (spillover), and total

effects are computed for each variable after the

aforementioned regression is estimated using the maximum

likelihood (ML) approach. Additionally, conditional

convergence must be established if the total effect of

lnCO2it −1 is indicated by B, and B must range from 0 to

TABLE 1 Variables description and data sources.

Variables Definition Sources

CO2 emission Carbon dioxide emissions are those stemming from the burning of fossil fuels and the manufacture
of cement. They include carbon dioxide produced during consumption of solid, liquid, and gas
fuels and gas flaring. CO2 emission is measured as CO2 emissions (metric tons per capita)

World Bank, World Development Indicators
(2019)

GDP per Capita It measures a nation’s gross domestic product per capita World Bank, World Development Indicators
(2019)

The variable is adjusted for purchasing power parity and is expressed in 1000s of US dollars. It has
been used as a proxy to measure the level of economic development by many studies

GVCs Participation
Index

Country’s participation in global value chains is defined as the sum of both forward participation
and backward participation divided by gross exports

Eora-MRIO Global Value Chain (GVC)
database (2018)

Energy Consumption Energy use refers to use of primary energy before transformation to other end-use fuels, which is
equal to indigenous production plus imports and stock changes, minus exports and fuels supplied
to ships and aircraft engaged in international transport. Energy consumption is measured as kg of
oil equivalent per capita

World Bank, World Development Indicators
(2019)

Environmental Patents Total Patents Registered for Technology Innovation Related to Environment OECD, (2019) OECD DATABASE
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-1 and be statistically significant. Using ln (B+1), the conditional

convergence rate can also be determined (LeSage and Fischer,

2008).

4.3 Data

A set of chosen countries’ economic and GVC-based trade

data was used to elaborate our objectives. Carbon emissions

(CO2) are taken as CO2 emissions (metric tons per capita).

Real per capita income (i.e., GDP at constant 2010 USD

divided by population), energy consumption as per

kilogram equivalent of crude oil, environmental patents is

used as environmental friendly technology and innovation

measure and its data is taken as number of applications for

patens within given time period, are also added to the model as

regressors. The World Bank’s WDI Database was used to

extract data for 22 EMC countries for the years 1995–2019.

Further the selection of the countries is based on the Morgan

Stanly Index (MSI) and detail of this index is given in

Appendix A.

The GVC participation index, which was developed by

Koopman et al. (2010), is the most well-known indicator of a

nation’s participation in GVCs. This index is produced by

adding the foreign value added in domestic export (backward

participation) and the domestic value added in foreign export

(forward participation). The range of the value is 0–100. The

more the value, the greater the country’s participation in

GVC, i.e., the prevalence of trade in intermediate goods in

overall trade and the fragmentation of the production process

According to this method, country i’s level of GVC

participation at time t is equivalent to:

GVCsit + DVXit + FVAit

Gross Exportsit
(16)

In which DVXit, FVAit, and Gross Exports, in that order,

stand for, respectively, domestic value added and foreign value

added, and the entire amount of a nation’s exports within a given

period. No matter how big or small a country’s economy is, this

indicator measures the level of GVC participation. The

UNCTAD-EORA Database was used to extract the

information on FVA, DVX, and Gross Exports. Further, Levin

et al. (2002) unit root test has been performed and found that all

variables follow an I (0) process (see Table 4). Variables

description and their data sources are given below:

5 Results

We experimentally examined the economic data of

22 emerging market countries from 1995 to 2019 based on

the 4 selected indicators. Table 2 displays descriptive data for

the variables considered in this analysis.

In order to assess the GVC-based spatial autocorrelation of

the country’s carbon emission growth, Moran’s MI and Geary’s

GC are first estimated. The variable whose spatial autocorrelation

is evaluated is the carbon emission increase of each nation from

1995 to 2019, and the weight matrix is created using Eq. 3. The

study’s primary goal is to find out whether the carbon emission

growth of the nations with bilateral value-added trade correlates

with one another. The findings of Moran’s MI and Geary’s GC

are shown in Table 3. Both coefficients showed the GVC-based

positive spatial at a 95% confidence level, the null hypothesis of

spatial randomness indicated by autocorrelation of CO2 growth

is rejected in both tests.

As a result, inside GVCs, nations with comparable carbon

emission growth rates are nearer to one another. To put it

another way, there is a correlation between nations with

higher bilateral value-added trade. This is known as spatial

clustering in spatial econometrics. This space in this study is

GVC-based trade. Biasing is a term used to describe what

happens when spatial factors are not taken into account when

estimating a regression.

In order to assess the carbon emission growth convergence of

the countries, spatial data panel regressions are performed after

the spatial autocorrelation is estimated. Table 4 displays the panel

unit root results and Table 5 reports SAR, SEM, and SDM

outcomes. To compare their coefficients with the spatial

regressions, the results of fixed-effects (FE) panel regression

are also presented.

No matter whether the trend is included or excluded, Table 4

shows the results of the unit root tests for all the selected series at

TABLE 3 Spatial autocorrelation of CO2 growth.

MI E (MI) SD (MI) Z p-value

Moran’s I 0.04 -0.02 0.03 2.68 0.00

Geary’s c GC E(GC) SD(GC) Z p- value

0.53 1.00 0.16 -2.43 0.05

*2-tail test, null hypothesis: There is spatial randomization.

TABLE 2 Descriptive statistics.

Variables Obs Mean SD Min Max

CO2 550 1.372203 0.9326519 0.2672569 3.930924

GDPPC 550 26.58435 1.11439 24.24049 30.29102

EC 550 7.386645 0.9008326 5.846219 10.00426

PAT 550 6.799878 2.375945 0 14.14756

GVC 550 4.306081 0.9152172 3.60853 9.48273

Note: All variables are in log form.
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various levels. According to the findings, every variable is

stationary at the first difference, or at I (0). Given that all the

series are stationary at level or I (0), we can use spatial panel data

approach to attain the results of GVCs-augmented CO2

convergence model for emerging market countries.

Before analyzing the findings, specification and model

selection tests are evaluated. All regressions’ significance is

validated by the Wald test’s findings. According to the

Hausman specification test, FE regression is preferable to

random effects. The model selection experiments further

demonstrate that SDM is favored over SAR and SEM. Further

the results suggested that SDM is the best regression model. The

α coefficient in regression shows a positive spatial

autocorrelation, and the coefficient in SEM demonstrates the

same conclusion. Since spatial regression has spillover effects,

taking into account Moran’s MI and Geary’s GC, the direct,

indirect, and total effects in Table 6 should be determined by

using Eqs. 12–15 in order to interpret the coefficients of the

variables. Convergence rates in all of the regressions vary from

0 to 1, and conditional convergence is not disregarded.

Additionally, as compared to FE regressions, the spatial

regression has a far larger explanatory power and a lower

conditional convergence rate. This may be a result of the

regression models’ exclusion of spillover effects. It follows that

the rate of carbon emission conditional convergence is

accelerated by GVC-based spatial spillover effects. As a result,

the relevant driving factors have a spatial impact on the CO2

convergence in emerging market countries, further showing that

if the spatial effect is ignored, it may result in incorrect empirical

results. The regression coefficients of independent variables in

the spatial panel model are unable to capture the marginal effects

of dependent variable. To examine the effect of each variable on

the CO2 convergence, the spatial impacts should be split into

direct effects, indirect effects, and total effects using partial

differential equations.

According to the direct negative effect of ln(CO2)t−1 that a
strong carbon emission growth is followed by a period of low

carbon emission growth. Additionally, its detrimental indirect

impacts suggest that GVC-based spillover effects exist on

adjacent nations. As a result, the overall impacts of

ln(CO2)t−1 show the countries’ carbon emission conditional

convergence. These effects are also seen, either directly or

indirectly, on real per capita income (Y). As a result, as

countries’ real per capita income rises (which is correlated

with economic growth and wellbeing), so do their carbon

emission rates as well as the spillover effects on nearby GVC

nations. The findings indicate that the technological

innovations (PAT) direct, indirect and overall effects are all

noticeably favorable. The findings also suggest that higher

patents are followed by higher carbon emission growth,

irrespective of per capita income. The patents coefficient,

however, is not statistically significant in situations where

per capita income is under control, making it impossible for

it to be a factor in carbon emission growth and its conditional

convergence.

The outcomes show that the participation in GVCs has

considerable direct, indirect, and overall effects on carbon

emission convergence. As a result, it may be said that

increasing GVC participation can aid in slowing carbon

emission expansion and promoting its conditional

TABLE 4 Pesaran’s (2007) unit root test results.

Variables Level Order of integration

Intercept Intercept and trend

Pesaran CISP

lnCO2 −4.13* −5.14* I (0)

lnY −3.66** −4.47*** I (0)

lnEC −4.11* −5.36* I (0)

lnPAT −4.18* −3.97* I (0)

lnGVC −3.89*** −4.22** I (0)

Pesaran CADF

lnCO2 −4.73** −4.10*** I (0)

lnY −4.04* −4.66* I (0)

lnEC −3.27* −3.12* I (0)

lnPAT −4.38*** −4.37** I (0)

lnGVC −4.42* −4.55* I (0)

***p < 0.01, **p < 0.05, *p < 0.10 are significance levels.
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TABLE 5 Estimated spatial panel data regressions.

Dependent Variable:
Ln ( CO2t

CO2t−1)
Model

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Method FE SAR SEM SDM FE SAR SEM SDM FE SAR SEM SDM FE SAR SEM SDM

Independent variable

Main ln (CO2)t−1 −0.21a
(0.01)

−0.23a
(0.01)

−0.20a
(0.01)

−0.20a
(0.01)

−0.21a
(0.01)

−0.22a
(0.01)

−0.23a
(0.01)

−0.22a
(0.01)

−0.13a
(0.01)

−0.16a
(0.01)

−0.20a
(0.01)

−0.20a
(0.01)

−0.19a
(0.01)

−0.23a
(0.01)

−0.24a
(0.01)

−0.25a
(0.01)

ln (Y)t−1 −0.05a
(0.01)

−0.07a
(0.01)

−0.05a
(0.01)

−0.04a
(0.01)

ln (EC)t−1 −0.05a
(0.01)

−0.04a
(0.01)

−0.05a
(0.01)

−0.03a
(0.01)

ln (PAT)t−1 0.05
(0.03)

0.05
(0.03)

0.18a

(0.05)
0.23a

(0.05)

ln (GVC)t−1 −0.06b
(0.03)

−0.05b
(0.03)

-0.07
(0.05)

−0.04b
(0.03)

Spatial α 0.44a

(0.05)
0.38a

(0.05)
0.50a

(0.06)
0.51a

(0.04)
0.40a

(0.05)
0.32a

(0.05)
0.47a

(0.06)

λ 0.48a

(0.06)
0.45a

(0.06)
0.54a

(0.06)
0.58a

(0.06)

Wln (GVC)t−1 0.14a

(0.05)
0.22a

(0.06)
0.25a

(0.06)
0.18a

(0.06)

Wald test
statistic

66 (0.00) 243
(0.00)

255
(0.00)

232
(0.00)

88 (0.00) 211
(0.00)

232
(0.00)

268
(0.00)

53 (0.00) 228
(0.00)

241
(0.00)

223
(0.00)

30 (0.00) 233
(0.00)

282
(0.00)

263
(0.00)

Pseudo R2 0.18 0.33 0.35 0.30 0.19 0.31 0.27 0.28 0.18 0.31 0.15 0.39 0.19 0.32 0.32 0.39

Hausman test chi2 (3) = 153.1 Prob > chi2 = 0.00 chi2 (4) = 139.4 Prob > chi2 = 0.00 chi2 (4) = 163.2 Prob > chi2 = 0.00 chi2 (4) = 141.4 Prob > chi2 = 0.00

Model
Selection
Tests

SAR vs. SDM chi2 (1) = 21.8 Prob > chi2 = 0.00 chi2 (1) = 33.6 Prob > chi2 = 0.00 chi2 (1) = 33.7 Prob > chi2 = 0.00 chi2 (1) = 19.6 Prob > chi2 = 0.00

SEM vs. SDM chi2 (1) = 15.6 Prob > chi2 = 0.00 chi2 (1) = 24.7 Prob > chi2 = 0.00 chi2 (1) = 13.6 Prob > chi2 = 0.00 chi2 (1) = 44.7 Prob > chi2 = 0.00

*a: p-value <0.01, b: p-value <0.05, c: p-value <0.1 and Standard Errors are reported in the brackets.
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TABLE 6 Estimated direct effects, indirect effects, and total effects; and the conditional convergence of CO2 emission.

Dependent variable:
ln ( CO2t

CO2t−1)
Model

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Method FE SAR SEM SDM FE SAR SEM SDM FE SAR SEM SDM FE SAR SEM SDM

Independent variable

Direct
Effect

ln (CO2)t−1 −0.21a
(0.01)

−0.20a
(0.01)

−0.23a
(0.01)

−0.20a
(0.01)

−0.21a
(0.01)

−0.22a
(0.01)

−0.21a
(0.01)

−0.20a
(0.01)

−0.18a
(0.01)

−0.18a
(0.01)

−0.22a
(0.01)

−0.23a
(0.01)

−0.20a
(0.01)

−0.21a
(0.01)

−0.26a
(0.01)

−0.24a
(0.01)

ln (Y)t−1 −0.7a
(0.01)

−0.7a
(0.01)

−0.6b
(0.01)

−0.6b
(0.01)

−0.11a
(0.01)

−011a
(0.01)

−0.6a
(0.01)

−0.7a
(0.01)

ln (EC)t−1 −0.6b
(0.01)

−0.6b
(0.01)

-0.2
(0.01)

-0.2
(0.01)

-0.3
(0.01)

-0.3
(0.01)

-0.006
(0.01)

-0.002
(0.01)

ln (PAT)t−1 -0.2
(0.01)

-0.2
(0.01)

0.21a

(0.01)
0.16a

(0.01)
0.18a

(0.01)
0.18a

(0.01)
0.27a

(0.01)
0.22a

(0.01)

ln (GVC)t−1 −0.04c
(0.02)

−0.04c
(0.01)

-0.006
(0.01)

-0.03
(0.01)

−0.6a
(0.01)

−0.04c
(0.01)

-0.007
(0.02)

-0.03
(0.01)

−0.7a
(0.02)

−0.7a
(0.01)

-0.03
(0.02)

-0.03
(0.01)

−0.06b
(0.02)

−0.5a
(0.01)

-0.18
(0.02)

−0.04c
(0.01)

ln (CO2)t−1 −0.15a
(0.04)

−0.14a
(0.05)

−0.15a
(0.04)

−0.15a
(0.04)

−0.13a
(0.04)

−0.12a
(0.04)

−0.14a
(0.05)

−0.14a
(0.05)

ln (Y)t−1 −0.06b
(0.01)

−0.04c
(0.12)

0.52a

(0.06)
−0.06b
(0.02)

−0.05b
(0.01)

Indirect
Effect

ln (EC)t−1 −0.06b
(0.01)

0.03
(0.01)

-0.008
(0.01)

-0.03
(0.01)

ln (PAT)t−1 0.006
(0.03)

−0.6b
(0.04)

−0.13b
(0.05)

−0.13b
(0.05)

ln (GVC)t−1 -0.03
(0.01)

−0.29a
(0.08)

−0.04b
(0.01)

−0.4b
(0.07)

−0.3b
(0.01)

−0.48a
(0.09)

−0.04c
(0.01)

−0.29a
(0.09)

ln (CO2)t−1 −0.21a
(0.01)

−039a
(0.05)

−0.21a
(0.01)

−037a
(0.05)

−0.22a
(0.01)

−0.34a
(0.05)

−0.21a
(0.01)

−0.34a
(0.05)

−0.16a
(0.01)

−0.34a
(0.05)

−0.22a
(0.01)

−0.35a
(0.04)

−0.24a
(0.01)

−0.34a
(0.06)

−0.24a
(0.01)

8 (0.06)

ln (Y)t−1 −0.7a
(0.01)

−0.10a
(0.03)

−0.4b
(0.01)

−0.6b
(0.02)

−0.11a
(0.01)

−0.18a
(0.04)

−0.06a
(0.01)

−0.11a
(0.03)

Total
Effect

ln (EC)t−1 −0.06a
(0.01)

−0.06b
(0.03)

0.02
(0.01)

0.03
(0.01)

-0.03
(0.02)

-0.02
(0.03)

-0.009
(0.02)

-0.005
(0.03)

ln (PAT)t−1 0.03
(0.04)

0.02
(0.07)

−0.22a
(0.05)

−026a
(0.08)

−0.18a
(0.05)

−0.28a
(0.09)

−0.27a
(0.05)

−0.36a
(0.09)

ln (GVC)t−1 −0.4c
(0.02)

−0.4c
(0.03)

0.06
(0.01)

−0.34a
(0.08)

−0.5a
(0.01)

−0.8a
(0.03)

-0.008
(0.02)

−0.35a
(0.07)

−0.5a
(0.02)

−0.11a
(0.03)

-0.02
(0.02)

−0.52a
(0.09)

−0.06b
(0.02)

−0.07c
(0.03)

-0.018
(0.02)

−0.41a
(0.09)

Convergence rate 0.22 0.43 0.24 0.43 0.22 0.43 0.26 0.44 0.18 0.43 0.26 0.41 0.23 0.46 0/28 0.49

*a: p-value <0.01, b: p-value <0.05, c: p-value <0.1 and Standard Errors are reported in the brackets.
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convergence in emerging market countries (EMCs). When the

indirect (spillover) impacts of bilateral value-added trade or

GVC-based trade are taken into account, this link becomes

more pronounced. This implies that raising and extending

involvement in GVCs will slow the carbon emission growth in

emerging market countries (EMCs). In actuality, increasing

participation in GVCs has an impact on both the countries’

and their trading partners’ carbon emission growth. Expanding

engagement in GVCs can result in technological advancements,

learning-by-doing, knowledge spillovers, economic growth, and

improved wellbeing in countries under analysis. By enhancing

technological innovations, promoting the use of cleaner energy

sources, and raising demand for environmental protection laws

and regulations, these possible advancements can improve

carbon emission convergence.

6 Conclusion and policy
recommendations

Participation in global value chains (GVCs) offer a newmode

of value-added trade that enables nations to take advantage of

their comparative advantages in production tasks after

transforming the structure and processes of production in

emerging nations. The environmental advantages and

downsides of GVC-based trade are among the contentious

issues in the economic literature, in addition to the economic

advantages of increased participation in GVCs. In order to

ascertain whether value-added based on GVCs could help in

the CO2 convergence of the emerging markets (EMCs); this study

examined the role of GVCs in the environmental performance of

countries. The study assessed how participation in GVCs affected

the countries’ CO2 growth. Modeling and analysis of the data

gathered from 22 nations between 1995 and 2019 used spatial

econometric approach. Empirical analysis revealed a link

between CO2 growth and countries with greater bilateral

GVC-based trade. Additionally, the conditional convergence

of EMCs in terms of CO2 growth was confirmed when taking

into account the GVC-based trade between nations. The findings

also show that increasing country participation in GVCs has an

impact on the CO2 growth of its trading partners in addition to

reducing country CO2 growth through spillover effects.

Therefore, emerging market countries’ environmental

performance will generally increase if it has GVC-based

trading partners who have superior environmental performance.

Additionally, it may be said that this new kind of value-

added trade offers different opportunities for EMCs, in

particular, to get access to their trading partners’

knowledge and technology for economic and

environmental goals. Accordingly, the promotion of

production processes and their adaptation to the global

production structure can be encouraged by the need to

adapt local production processes to global processes within

GVCs framework. Further, emerging market countries’

environmental policies are more likely to align in the

setting of GVC-based trade. Multinational corporations, for

instance, that outsource their production processes within

GVCs, are likely to pass technology and knowledge to their

partners in partner nations as well as demand that they abide

by a number of rules and regulations, including

environmental norms. Additionally, GVCs could be a

platform for enhancing national environmental

performance or at least lowering CO2 growth and bringing

environmental convergence together in emerging market

countries.

The findings indicate that environmental policies and

actions to prevent climate change should take GVC

capacities into account in countries under analysis. The

findings demonstrated that, notwithstanding the presence

of carbon leakage in trade, increasing country’s

participation in GVCs increased the carbon efficiency,

which is an essential (albeit insufficient) step in attaining

environmental goals in EMCs. A good way for EMCs to

improve their environmental performance is to increase

value-added trade with nations that are moving toward

greater carbon efficiency.

By examining the CO2 correlation and conditional

convergence of emerging market countries within the setting of

GVC-based trade, this study adds to the empirical literature on the

relationship between value-added trade and the environment.

Another aspect of GVCs trade is that value added trade enables

to upgrade regional environmentally sustainable technological

infrastructure, but due to industrial isomorphism and a lack of

unified dispatch, there is fierce competition among regions, which

increases value added trade in one region at the expense of other

regions’ participation opportunities. At the same time, the

upgrading of industrial structure caused by the increase of

value added trade in other regions has led to the outflow of

relevant natural resource factors in other regions, thus affecting

their environmental sustainability. To better understand the role of

GVCs in the convergence of the emerging market countries’

environmental performance; more research must be done on

the topic, particularly on the production of greenhouse gases

and pollutants like CO2. Future studies should individually

evaluate various GVC environmental impact mechanisms in

order to better understand the scope, makeup, and

technological consequences of expanding GVCs on

environmental performance among emerging market countries.
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Appendix A: List of emerging market
countries (EMCs) under analysis

According to MSCI of 2019, there are 26 emerging market

countries (EMCs), but our analysis is focusing on 22 countries

due to the non-availability of data of Argentina, Taiwan, Saudi

Arabia, and UAE.

Brazil Mexico

Chile Morocco

China Peru

Colombia Philippines

Czech Republic Poland

Egypt Qatar

Greece Russia

Hungary Thailand

India Turkey

Indonesia South Africa

South Korea Malaysia
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